Abstract-Electricity markets must match real-time supply and demand of electricity. With increasing penetration of renewable resources, it is important that this balancing is done effectively, considering the high uncertainty of wind and solar energy. Storing electrical energy can make the grid more reliable and efficient and energy storage is proposed as a complement to highly variable renewable energy sources. However, for investments in energy storage to increase, participating in the market must become economically viable for owners. This paper proposes a stochastic formulation of a storage owner's arbitrage profit maximization problem under uncertainty in day-ahead and real-time market prices. The proposed model helps storage owners in market bidding and operational decisions and in estimation of the economic viability of energy storage. Case study results on realistic market price data show that the novel stochastic bidding approach does significantly better than the deterministic benchmark.
Abstract-Electricity markets must match real-time supply and demand of electricity. With increasing penetration of renewable resources, it is important that this balancing is done effectively, considering the high uncertainty of wind and solar energy. Storing electrical energy can make the grid more reliable and efficient and energy storage is proposed as a complement to highly variable renewable energy sources. However, for investments in energy storage to increase, participating in the market must become economically viable for owners. This paper proposes a stochastic formulation of a storage owner's arbitrage profit maximization problem under uncertainty in day-ahead and real-time market prices. The proposed model helps storage owners in market bidding and operational decisions and in estimation of the economic viability of energy storage. Case study results on realistic market price data show that the novel stochastic bidding approach does significantly better than the deterministic benchmark.
Index Terms-Battery storage plants, energy storage, markets, price arbitrage. 
NOMENCLATURE

A. Indices and Sets
I. INTRODUCTION
O NE of the greatest challenges of the 21st century is to introduce more sustainable sources of energy. The penetration of renewable resources, such as wind power and solar energy, has been increasing at a global scale in the last decade. These investments are driven, in part, by policy incentives, such as renewable portfolio standards that set requirements to have a certain percentage of installed capacity from renewable energy sources. For example, the state of California requires that 33% of the supply mix should be provided from renewable sources of energy by 2020 [1] . Falling costs of renewable energy technologies, in particular solar cells in recent years, also contributes to further increase of their penetration. The large-scale expansion of wind and solar power can result in situations where the net demand of power can vary widely in a short period of time due to rapid and sometimes unexpected changes in wind and solar output. This can cause reliability issues in a power system if not adequately addressed. Many proposed energy systems for the future make the assumption that energy storage will be available to assist with this balancing act. Grid-level storage can reduce supply and demand mismatch by shifting energy from times of low demand to high demand, or from times when generation is cheap to when it is expensive. Additionally, storage can be charged or discharged rapidly, which can reduce the dependency on fast generation units. Energy storage can provide power quality, load shifting, load leveling, energy management, frequency regulation, backup power, voltage support, grid stabilization [2] . Hence, integrating energy storage devices into a power system can prove extremely useful in increasing reliability and performance. In electricity markets, grid level storage can take advantage of market operations and generate profits using energy arbitrage. By exploiting the difference in market prices, i.e., a storage owner may buy power when the price is low, store this energy, and sell when the price is high, thereby making it economical over time to provide such load shifting energy services to the market. Energy storage can also benefit by providing other services to the grid, but energy arbitrage is by far the largest business opportunity. At present, grid-level energy storage comprises of 2.3% of total electric production capacity in the United States, of which 95% is pumped storage hydro (PSH) [3] . PSH is considered to be a conventional technology due to its long track record. However, the large scale construction, concerns about local environmental impacts, and few locations with the required topography, limits the expansion of PSH units.
Extensive research has been conducted on combined optimization of energy storage and variable renewable generation [4] - [6] . The integration of grid level energy storage to provide load shifting, primary or/and secondary reserve in a centralized cost-based energy market is analyzed in [7] . A stochastic unit commitment model with energy storage and wind power for system scheduling at day-ahead and real-time stages is proposed in [8] . A method combining a genetic algorithm with linear programming to determine the best capacity and operating status of an energy storage system is proposed in [9] . Scheduling strategies for PSH have been studied for a long time. Examples of energy arbitrage strategies proposed for PSH include [10] - [12] , where the first two look at income from energy arbitrage and regulation and the latter from arbitrage only. All three studies use deterministic bidding models under a price taker assumption. Other analyses have been performed to determine the optimal dispatch of other storage technologies with respect to spot market prices [13] - [15] . In particular, with recent improvements in cost and performance, battery storage is receiving increasing attention for grid applications. The authors in [16] propose a stochastic model for optimal energy and reserve bids in power systems with high wind penetration, where prices are derived from a stochastic unit commitment model. The authors in [17] propose a stochastic battery arbitrage model for day-ahead and real-time prices. In case studies based on historical prices from California, it is shown that economic bidding outperforms a self-scheduling strategy. However, price forecast information is not used in the study. There is also a growing literature examining the use of battery storage for arbitrage maximization in distribution markets [18] , [19] . This paper focuses on the time domain arbitrage opportunities for grid level battery storage in the DAM with the possibility of making corrections in the RTM. The storage-owner is a price taker, the proposed optimization model provides the bids a grid level storage owner can submit to the DAM in order to maximize the expected profit taking into consideration uncertainty in market prices by using a stochastic programming approach without recourse. The contributions of the paper includes: 1) We present a novel storage bidding strategy into the DAM that includes price and quantity bids based on stochastic price forecasts for the DAM, 2) We reformulate the original optimization problem, which is non-linear, into a mixed integer linear programming (MILP) problem, which can be solved efficiently by commercial solvers, 3) We conduct a case study based on historical price data from California, which show benefits of the proposed stochastic model compared to a deterministic quantity bidding strategy benchmark under different forecasting methods. This paper is organized as follows. Section II introduces the mathematical formulation for the battery storage bidding model where Section II-A explains the price scenario generation methodology, Section II-B discusses the energy storage representation and Section II-C introduces the bidding models for both DAM and RTM. Section III presents case studies and results with the novel storage model and presents the results. Section IV summarizes the conclusions and provides directions for future work.
II. MATHEMATICAL FORMULATION
A. Price Forecast Scenario Generation and Scenario Reduction 1) Price Generation Framework:
The objective is to generate scenarios for DAM and RTM electricity prices, which are used to determine the bids in the DAM and the RTM. The procedure consists of multiple steps, as illustrated in Fig. 1 and outlined below.
2) ARIMA Point Forecast: A point forecast for prices is implemented by using an ARIMA model with seasonality to capture daily, weekly and seasonal fluctuations in the price profile. Both the DA and RT prices are forecasted for 24 hours upfront to comply with the decision procedure of energy storage owners that the bids are submitted for a whole day. The parameters of the ARIMA model are optimized based on selected historical prices information, which are usually determined separately for weekday and weekend days. The ARIMA point forecast is used as an input to the probabilistic forecasting model.
3) Probabilistic Price Forecasting: Probability density functions (pdfs) of prices are estimated using a quantile-copula kernel density estimator (KDE) [20] . The KDE model estimates the empirical pdf of prices for each look-ahead hour based on a set of explanatory variables, from which quantiles and scenarios of prices can be derived. In the case study, the point forecasts of prices and the hour of the day are used as explanatory variables to estimate pdfs for DAM and RTM prices. The problem can therefore be formulated, given a set of explanatory variables to estimate the conditional pdf of electricity prices at a time for each look-ahead time step.
4) Scenario Generation and Reduction:
The forecasted pdfs express the empirical probability distribution of the price forecast for a specific point in time. However, for energy storage, it is important to take inter-temporal relationships in the forecast uncertainty into consideration. This makes scenarios a more appropriate representation for the price distribution over a whole day. We use the scenario generation approach described in [21] to generate forecast scenarios from the estimated pdfs. In this approach, scenario sampling is performed using a Monte Carlo simulation. The inter-temporal correlation (hour-to-hour) is represented by a covariance matrix, which is estimated on the basis of covariance of historical data. To reduce the computational complexity of the decision problem for energy storage, it is necessary to use a reduced set of scenarios as input. The price distributions represented by the reduced scenario set should be as close as possible to the original set. Towards this end, we use the standard scenario reduction method from [22] . This method reduces the set based on the Kantorovich distance between the original and reduced sets of scenarios, taking scenario probabilities and distances of scenario values into account.
B. Electric Energy Storage Model
We model the battery by considering its energy storage capacity, maximum charging rate, maximum discharging rate, charging efficiency, discharging efficiency, initial charge state and final charge state, as expressed in the following equations.
where constraints (1) and (2) ensure that the energy charged or discharged at a particular time period t is equal to the purchased or sold energy bid that is accepted at time t after accounting for efficiency losses. Constraints (3) and (4) ensure that the charging and discharging of the storage device in a given time period are limited by the maximum charging and discharing rates. Constraints (5) and (6) represent that the state of charge is a function of the state of charge in the previous period and the amount of energy charged or discharged in the current period. Constraints (7) and (8) make sure that the energy stored in the battery is less than the size of the battery, C m ax and greater than C m in . Finally, we assume that the final state of charge at the end of the day lies within a tolerance band of the initial condition, as shown in (9) and (10).
C. Electricity Market Stages
We assume that storage owners are price-takers that can make hourly price and quantity bids into the DAM given the price forecast scenarios, and can make quantity bids into the RTM. A storage owner must consider how to allocate energy resources between the two markets such as to maximize profits along with potential other objectives such as reducing risk exposure. After the DAM bid period ends, the independent system operator (ISO) calculates the DA schedule for the market participants and energy prices for all hours of the next day, based on a security-constrained unit commitment and economic dispatch. Market participants can usually revise their bids ahead of the RTM clearing. RTM prices are calculated based on actual system operating conditions. The rules for submitting bids to the RTM are different than that of the DAM, i.e., the RTM is settled sequentially and as time progresses. Moreover, electricity prices in the RTM are highly volatile and unpredictable since they are affected by various factors such as weather, contingencies in the power system and all the physical constraints in the power system. A storage owner needs to decide whether to keep the energy stored for the RTM or sell in the DAM. We introduce different storage optimization models for DAM and RTM. An illustrative comparison of these models is shown in Fig. 2 and is outlined in detail below. Both stages are simulated in the case study. 
1) Day-Ahead Market Optimization: a) Quantity-only bid model (LP):
Our first model assumes that the storage owner submits only quantity bids into the DAM. The problem is formulated as follows:
subject to:
where the expected DAM clearing price f D A (t) at a given time t is calculated using the probability weighted average of all scenarios at the same time t. The objective function in (11) is to maximize the expected profit subject to the storage constraints described in Section II-B, (1)- (10) and non-negativity constraints (12)- (16) . This model is a linear program (LP) and can be solved using a standard LP solver. b) Price-quantity bid model (MILP): When we include price and quantity bids into the offer, the DAM problem becomes a stochastic programming problem. The objective is to maximize the expected profit: 
From (18)- (23), it readily follows that
Then the problem we need to solve is:
(1)-(10) Hence, when the market is cleared, depending on which DAM price scenario is realized, a bid may be accepted or rejected. As described above, constraints (27)-(30) are used to determine whether a bid is accepted or rejected. A selling bid is accepted when the market clearing price is higher than the bid price. A purchasing bid is accepted when the market clearing price is lower than the bid price. The DAM formulations do not take into consideration the ability to change bids in the RTM explicitly. This assumption is needed to prevent the DAM model from exploiting DA-RT arbitrage opportunities that may be present in the price forecast scenarios. Note that the variables C(t), E in stor (t) and E out stor (t) now depend on the DA scenario.
2) Real-Time Market Optimization (LP):
Storage owners can make additional quantity bids into the RTM, to make up for rejected DAM bids or to make additional profits based on the forecasted RTM prices. The accepted DAM bids are considered as input to the RTM optimization. Assume DA price scenario s * D A is realized. Then the RTM optimization problem is a linear program. The formulation is subject to:
The objective is to maximize the sum of DAM profit and the expected RTM profit. Although DAM profit is constant at this point, we add it in the formulation for completeness. We update the battery constraints (1)- (2) to accommodate for RTM charge/discharge decisions to get constraints (38) and (39). We ensure non-negativity by constraints (40)-(42). Note that the variables in the RTM model depends on the realized DA price scenario. RTM produces additional profits (or losses) as well as takes into consideration the feasibility of the solution, in case the accepted DAM bids are infeasible. We do not consider price-quantity bids in the RTM, since it may result in infeasible schedules that cannot be corrected.
III. CASE STUDIES
Three cases are presented to show the effectiveness of the proposed Price-Quantity MILP model compared to the QuantityOnly LP model in the DAM. Case I presents a detailed Monte Carlo analysis of 1000 price scenarios for a selected day, with the characteristics of the battery defined as 50MW/50MWh (i.e., a 1 hour battery) with 10% charge/discharge losses, no variable or fixed operational costs, with a zero initial state of charge. In Case II, the same analysis is repeated with a 25MW/50MWh (i.e., 2 hour) battery. Case III presents results from running 130 days of simulation using real world historical price data (out of sample). DAM and RTM price scenarios were generated for the Palo Verde Hub in CAISO using the procedure described in Section II-A under the assumption that that DAM and RTM price scenarios are independent. Specifically, the ARIMA models are picked as (0; 1; 1)(2; 1; 1) s for DAM prices of weekday and (0; 1; 1)(1; 1; 0) s for RTM prices of weekday. The seasonality component is based on a daily cycle.
A. Case I
A single day is chosen as the operating period. A visual representation of the N D A and N RT price scenarios in the DAM and RTM in this single day are shown in Fig. 3 . The testing procedure is described in detail below.
Testing Tables I and II . 1 The analysis shows that the stochastic optimization strategy (MILP) provides a substantially higher combined average profit from the DAM and RTM markets, but also a higher standard deviation in profits indicating a higher risk exposure as seen in Table I . Moreover, the storage unit is required to cycle more often under the price-quantity (MILP) strategy as seen from Table II . Fig. 4 compares the bids submitted into the DAM in both models. Note that in the Quantity-Only bid model shown in Fig. 4(a) , the price for the purchase bid is higher than the highest price in the scenarios, and the price for the sell bid is lower than the lowest price in the scenarios. This means that this purchase and sell bid will always be accepted in the DAM clearing process. Fig. 4(b) shows price and quantity bids in the Price-Quantity bidding (MILP) model for the same day. It shows that the stochastic optimization may result in multiple DAM bids in the same hour. Under this strategy, the bids are accepted (or rejected) depending on the realized clearing price. Hence, the cleared DAM bids may not be feasible and the storage owner submits additional bids into the RTM to make up for the infeasibility while also considering additional profits from expected real time prices as shown in Fig. 4(c) . For example, in hour 5 a sell bid of 45 MW was cleared in the DAM. However, this is infeasible given that the initial state of charge is 0. In the RTM, a Quantity-Only purchase bid of 55 MW is made in hour 3, so that the DAM market schedule can be met in hour 5.
Depending on the realized DAM clearing price and how well it is aligned with the reduced price scenarios used in the optimization, the result may also be that the accepted DAM bids are always feasible. In this case, no infeasibility constraints needs to be resolved in the RTM. However, the storage profits can be improved by bidding into the RTM considering the expected RT price. Fig. 5 shows a comparison of the combined DAM and RTM profits in the individual 1000 cases. We can see that the stochastic MILP algorithm provides a higher DAM profit in almost all cases, but with higher standard deviation. The realized DAM profit is dependent on the proximity of realized clearing prices to the price scenarios used as input to the MILP algorithm. The standard deviation of the RTM profits with the DAM MILP algorithm is also larger than with the DAM LP algorithm. The higher standard deviation is due to the additional task of compensating for infeasible solutions produced after the DAM clearance.
B. Case II
We perform the same analysis as in Case I for a two hour battery (25 MW/50 MWh) using the same price scenarios as shown in Fig. 3 . Tables III and IV show that stochastic MILP formulation provides a higher profit than the deterministic one, while requiring more cycling of the storage device. However, since the battery is a two hour battery with smaller power capacity, the profits are less on average compared to Case I.
C. Case III
In Case III, the performance of the proposed stochastic PriceQuantity bid MILP algorithm is tested and compared to the Quantity-Only bid LP strategy using real world realized price data under different forecasting methods. Three cases are presented, each identical in terms of optimization models, but with different price forecasting inputs. A total of 130 weekdays are simulated. The 130 days represent weekdays from the second half of the year. Each day is provided with a set of forecasted price scenarios as well as realized prices. A visual representation of the price scenarios in the DAM along with the actual DAM price for that day are shown in Fig. 6 . The test procedure, outlined below, simulated how the two different storage strategies would perform in a real-world setting under the three different forecasting methods.
Testing Procedure: 1) Generate price forecasts for a given case 2) Decide the optimal DAM bids based on the N D A price scenarios for 24 h using the Price-Quantity bids (MILP) and Quantity-Only (LP) optimization 3) Clear the DAM based on the historical realized DAM price 4) Using the DAM schedule as input, produce RTM quantity bids based on expected RT prices i.e., the average of the N RT RT price scenarios. Clear the RTM using the historical realized RTM price of that day. 5) Repeat this process for 130 days. Storage levels are set to zero at the beginning of each simulated day.
N D A is 15 and N RT is 1000.
1) Case III-a:
The price forecasts are generated performing a scenario reduction on historical prices for 130 days from the first half of the year. In this case, the forecasts of prices, i.e., the 15 price forecast profiles, are identical for all 130 days, as seen in Fig. 6 . All price forecast profiles are weighted equally.
2) Case III-b: N total D A price scenarios were generated for each day using the method described in Section II-A3. Using 3) Case III-c: The price forecasts are generated using prices from the previous 15 days, with all forecasts being weighted equally. This case evaluates the performance of a a persistence rolling forecast.
The tests are conducted for the 1-hour battery (50 MW/ 50 MWh). The results in Table V show that the proposed stochastic MILP algorithm produces a higher cumulative profit under different forecasting techniques, when compared to the LP algorithm for real world price data. Case III-a uses an identical forecast for each simulated day, and hence do not accurately forecast the actual realized DAM prices. This naive forecasting methodology results in lower total profits. We can see from Fig. 6 that both the forecasting methodology in Case III-b and Case III-c predicts actual realized DAM prices with a degree of uncertainty. On some days, the forecast in Case III-b does not accurately reflect the actual realized DAM prices, and hence results in a loss in total profit. This study shows that the proposed MILP algorithm produces a higher average profit, and that when the forecast is better a higher profit can be attained. Fig. 7 shows the daily profits as well as a cumulative sum of daily profits across the simulation for all three cases. We can see that profits for the MILP algorithm are higher than the LP algorithm. When such an algorithm is implemented on a longer time scale, the MILP algorithm tends to outperform the LP algorithm, as inferred from cases I and II.
IV. CONCLUSIONS AND FUTURE WORK
In this paper, we proposed two models for arbitrage maximization in the DAM under price uncertainty. We found that the stochastic Price-Quantity bidding model gives higher profits than the Quantity-Only bidding model on average. However, the standard deviation of profit is higher for the Price-Quantity bidding model, indicating a riskier strategy. Our results also provide insights about how the battery operates in terms of number of charge cycles under the two strategies. With the stochastic Price-Quantity strategy, the battery tends to make more bids in the DAM, which sometimes require that adjustments are made in the RTM for feasibility. This leads to additional cycling of the storage unit. The increased revenue from the energy market must be weighed against the cycling costs for the specific battery. Finally the results show that the profits are lower in general for a longer duration battery as the battery requires longer time to charge/discharge. This is compensated, at least in part, by lower investment costs for longer battery durations. As future work, we plan to extend the proposed models to incorporate the impact of participation in ancillary services markets. Incorporating a representation of risk preferences into our framework, possibly through reducing DAM infeasibilities and thereby exposure to RTM price volatility, is another important extension.
